In this paper, we develop an iterative multiuser receiver for decoding Turbo coded synchronous CDMA signals in both Gaussian and non-Gaussian noise. A soft-input soft-output non-linear multiuser detector is combined with a set of single user channel decoders in an iterative detection/decoding structure. The non-linear multiuser detector utilizes the prior probabilities of each user's bits to form soft estimates used for multiple access interference cancellation. The channel decoders perform Turbo code decoding and produce posterior probabilities which are fed back to the multiuser detector for use as prior probabilities. Simulation results show that the proposed multiuser receiver performs well in both Gaussian and non-Gaussian noise. In particular, single user Turbo code performance can be approached within a few iterations with medium to low cross-correlation ( 0:5).
number of users. In 2], some low complexity algorithms which perform multiuser detection and decoding either separately or jointly are studied.
Turbo Codes have received a great deal of attention since their introduction. By exchanging the \extrinsic information" between two \constituent decoders", the typical decoder employed for Turbo codes iteratively reduces the decoding error 3]. This iterative decoding structure (\Turbo principle") can also be utilized in other applications 4] and has stimulated research on iterative decoding of convolutionally coded CDMA signals 5]-8]. In 5] , an optimum multiuser detector is derived from iterative techniques for cross-entropy minimization. A practical suboptimum implementation of the algorithm is also presented in 5], which has a computational complexity of O(2 K + 2 ) per bit per iteration. In 6] , by viewing the CDMA channel as a convolutional code, the convolutionally encoded user data are recovered by Turbo decoding techniques for serially concatenated codes. A similar approach is used in 7] to develop an iterative receiver, which has a complexity of O(2 K +2 ). In 8] , an iterative multiuser receiver is developed which exchanges extrinsic information between a soft-input soft-output (SISO) multiuser detector and a set of SISO single user channel decoders. The computational complexity for the most e cient scheme from 8] is O(K 2 + 2 ).
Besides applying the so called \Turbo principle" in the detection of convolutionally coded CDMA signals, direct application of Turbo codes in CDMA systems has become another highlight of recent research. In fact, Turbo code has been adopted in the CDMA2000 Radio Transmission Technology proposed for the third generation systems 9]. In 10], an iterative multiuser receiver for decoding Turbo coded user data in Gaussian noise is developed. The proposed iterative receiver has a similar structure to that of 6] and its complexity is O(K2 ).
The iterative receiver in 10] di ers from our receiver in that a successive interference can-cellation scheme 11] is not used.
So far, multiuser detection in non-Gaussian impulsive noise has remained a largely unexplored area, despite the existence of impulsive noise in wireless communication channels and the performance degradation su ered by conventional Gaussian receivers in impulsive noise. In this paper, we develop a low-complexity parallel interference cancellation (PIC)
algorithm 11] for multiuser detection of Turbo coded synchronous CDMA signals in correlated Gaussian and non-Gaussian noise. Our work is most related to 8] and 13], although Turbo codes are not considered in either of these papers. Our iterative detection/decoding structure is similar to that of 8], but our SISO multiuser detector is di erent from that of 8] and has much lower computational complexity. In 13], non-linear minimum mean square error (MMSE) estimation was used to obtain the soft estimate of each user's bit, but only in Gaussian noise. Here we derive a robust non-linear MMSE estimator for impulsive noise which includes Gaussian noise as a special case. More importantly, the non-linear estimator we developed utilizes the prior probabilities of each user's transmitted bits to form better estimates. These prior probabilities are updated during each iteration using the posterior probabilities obtained by the channel decoders. Whereas in 13], by xing the prior probabilities to be 1 2 , the authors ignored the possibility that iterative detection/decoding structures can be employed. The computational complexity of our multiuser receiver is O(K + 2 ), which is the lowest possible for PIC schemes with a given convolutional channel code. By using Gaussian mixture models for the noise, multiuser detection in both Gaussian and non-Gaussian noise are treated in the same framework. This paper is organized as follows. Section 2 introduces the received signal model of the Turbo coded CDMA system. Section 3 discusses the SISO iterative multiuser receiver In this paper, we model the probability distribution function (pdf) of n as a zero mean multidimensional Gaussian mixture pdf f n (n), ters for Gaussian mixture noise. These algorithms can be used here to estimate the noise parameters. For simplicity, in this paper we assume that reliable estimates of the channel parameters are available at the receiver.
SISO Iterative Multiuser Receiver
The iterative multiuser receiver structure, which is depicted in Fig. 1 , consists of a SISO nonlinear multiuser detector and a set of single user channel decoders (Turbo code decoders).
The task of the SISO multiuser detector is to rst form soft estimate of each user's transmitted bitb k , k = 1; :::; K, without knowledge of the trellis structure of the channel code. Onceb = b 1 ; :::;b K ] T is obtained, the SISO multiuser detector will useb to perform soft multiple access interference (MAI) cancellation to produce a \cleaner" received signalỹ k for user k, which is next fed to the single user channel decoder. The single user channel decoders perform Turbo code decoding in non-Gaussian noise and produce posterior probabilities for each user's bits.
Our SISO multiuser detector utilizes the matched lter output and the \prior probabilities" of each user's bit to form soft estimates. In the rst iteration, no prior information is available so Pr(b k = 1) = 1=2 is used for soft estimation. After channel decoding, the \posterior probabilities" obtained from channel decoders are fed back to the multiuser detector to update the \prior probabilities", allowing better soft estimates to be obtained. The iterative procedure, feeding back new posterior information to produce better soft estimateŝ b 1 , ...,b K , continues until convergence occurs 1 . At the last iteration, the Turbo decoders make a \hard" decision on the transmitted bits. 1 In our tests we simply performed a xed number of iterations, typically 5, and such an approach appears to work well. 6 
Joint Non-Linear MMSE Multiuser Detector
The soft estimates of all the users' bits can be formed \jointly" using the non-linear MMSE estimate based on y 18 
Low-Complexity Non-Linear MMSE Multiuser Detector
The computational complexity of (5) 
Clearly each y j provides a scaled version of b k contaminated by MAI and channel noise. Since we estimate each user separately, assuming no knowledge of other users' data is available,
we treat MAI as an extra \noise" source. We can combine MAI and channel noise together and model them by another mixture distribution. Then similar to the choice forỹ k , we can choose the y j that has the highest signal-to-MAI-plus-noise-ratio for user k to form our soft estimate of b k .
Without loss of generality, assume that we want to use y 1 to form an estimate of b 1 . In our processing, we model the MAI in y 1 as a Gaussian noise with variance
Since MAI is independent of channel noise, the distribution for MAI plus noise can be shown to be another scalar Gaussian mixture distribution of the form of (3), only with new variance 
The estimator in (9) is a robust estimator. Fig. 2 gives an example of the soft estimate of b 1 using (9) , and equation (9) 
which is the non-linear estimator used in 13]. Clearly equation (9) can be used in an iterative detection/decoding structure, where the \posterior information" can be used to update the \prior information". Alternatively, this is not possible with the estimate in (11).
An equation similar to (9) can be developed for any user k, with A 1 , b 1 , and l , l = 1; :::; L, replaced by the appropriate values. Modeling MAI as Gaussian noise is a coarse approximation, but this is only the rst step of our iterative detection/decoding scheme.
The data will be further processed by the powerful channel decoders (Turbo code decoders), which will x most inaccuracies caused by this approximation, as shown by our simulation results. In 13], MAI is also modeled as Gaussian noise in a multistage multiuser receiver and excellent performance is also obtained.
Since the MAI from all other users is lumped together and modeled as Gaussian noise, the complexity of equation (9) does not depend on the number of users! Furthermore, when performing MAI cancellation, we do not need to compute the complete product R Ab (k) as in (6 (2 ) and the E b =N 0 for the Turbo coded bits from user k is de ned as E b N 0 = 20log 10 ( A k n )dB. The performance of the iterative multiuser receiver in Gaussian mixture noise using the joint and low-complexity multiuser detector is plotted in Fig. 3 . For comparison, we have also plotted the single user performance ( = 0, Turbo code performance) and the performance of the conventional matched lter followed by Turbo code decoders. Fig. 4 gives the performance of our iterative multiuser receiver in Gaussian noise ( 2 = 0). In Fig. 3 and Fig. 4 , we only plotted the performance of our iterative receiver for the rst 3 iterations, since little or no performance gain was achieved by more iterations. In such cases, we determine in an ad hoc manner that the iterative receiver has \converged". At a particular bit error rate (BER), we de ne the SNR di erence between the performance of our iterative receiver (after convergence) and the single user performance as the \performance loss" for our receiver at that BER.
It is seen from Fig. 3 and 4 that when SNR is reasonablely high, BER drops with each iteration. Single user performance is approached within 3 iterations. Simulations also suggest that the use of the low-complexity multiuser detector does not necessarily cause performance degradation. This is not unreasonable since while the MMSE criterion is a reasonable way to form soft estimates, there is no direct relation between MSE and BER in our detection/decoding scheme. By using Gaussian mixture models, Gaussian and nonGaussian processing is treated in the same framework.
We have studied the performance of the iterative receiver for the 4-user system with di erent system parameters. Simulations show that the iterative receiver is near-far resistant.
When the interleaver length increases, larger coding gain can be achieved. We have also studied the performance of the iterative multiuser receiver in more severe MAI conditions with larger values. Generally, when the cross-correlations between users increase, the performance loss increases and it may take more iterations for the algorithm to converge.
But with low to medium MAI ( 0:5), performance loss at BER=10 ?4 is normally very small (0:1 ? 0:4dB) and near single user performance can usually be achieved. When MAI becomes serious ( 0:7), the performance loss due to MAI becomes more noticeable. For example, when = 0:7, the performance loss is usually 1:2 ? 1:7dB at BER=10 ?4 .
Conclusion
In this paper, we have developed a low-complexity multiuser receiver for decoding Turbo (a) Joint MMSE multiuser detector (b) Low-complexity MMSE multiuser detector Figure 4 : Performance of the iterative multiuser receiver in Gaussian noise using the joint and low-complexity multiuser detector. K = 4, = 0:3, and interleaver length 128. All users have equal power.
